Simulating 2368 temperate lakes reveals weak coherence in stratification phenology  by Read, Jordan S. et al.
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a  b  s  t  r  a  c  t
Changes  in water  temperatures  resulting  from  climate  warming  can  alter  the structure  and  function  of
aquatic  ecosystems.  Lake-speciﬁc  physical  characteristics  may  play  a role  in mediating  individual  lake
responses to  climate.  Past  mechanistic  studies  of lake–climate  interactions  have  simulated  generic  lake
classes  at  large  spatial  scales  or performed  detailed  analyses  of  small  numbers  of real  lakes.  Under-
standing  the  diversity  of lake  responses  to  climate  change  across  landscapes  requires  a hybrid  approach
that  couples  site-speciﬁc  lake characteristics  with  broad-scale  environmental  drivers.  This  study  pro-
vides  a  substantial  advancement  in lake  ecosystem  modeling  by  combining  open-source  tools with freelylimate change
ater temperature
ake temperature modeling
oherence
tratiﬁcation
available  continental-scale  data  to mechanistically  model  daily  temperatures  for 2368  Wisconsin  lakes
over three  decades  (1979–2011).  The  model  accurately  predicted  observed  surface  layer  temperatures
(RMSE:  1.74 ◦C) and the  presence/absence  of stratiﬁcation  (81.1%  agreement).  Among-lake  coherence
was  strong  for  surface  temperatures  and  weak  for  the timing  of  stratiﬁcation,  suggesting  individual  lake
characteristics  mediate  some  – but not  all – ecologically  relevant  lake  responses  to  climate.
Published  by Elsevier  B.V.  This  is  an  open  access  article  under  the  CC  BY  license. Introduction
Lakes are diverse ecosystems that respond in complex ways to
he stressors of climate change (Blenckner et al., 2007; Carpenter
t al., 1992; Roach et al., 2013). While lakes have shown regional-
cale coherence in temperature (see Livingstone, 2008), biological
eatures and dynamics often are unrelated in neighboring lakes
e.g., Soranno et al., 1999), confounding our understanding of how
akes respond to climate drivers. Interpreting dissimilar responses
f lakes to current and future climate is one of the grand challenges
f modern limnology.
Lake-speciﬁc properties (such as morphometry and surround-
ng land cover) are recognized controls on the structure and
unction of aquatic ecosystems, but there is disagreement as to
he role they play as mediators of climate variability. Despite large
iversity in lake properties, analyses of lake surface temperatures
∗ Corresponding author. Tel.: +1 608 891 3922.
E-mail address: jread@usgs.gov (J.S. Read).
ttp://dx.doi.org/10.1016/j.ecolmodel.2014.07.029
304-3800/Published by Elsevier B.V. This is an open access article under the CC BY licen(http://creativecommons.org/licenses/by/3.0/).
have established strong evidence for among-lake coherence to
large-scale climate (Benson et al., 2000; Livingstone and Dokulil,
2001; Palmer et al., 2014). Conversely, coherence weakens or disap-
pears below the lake surface (Kratz et al., 1998; Palmer et al., 2014),
suggesting there is value in quantifying and explaining among-
lake differences in responses to climate. At present, the diversity
in lake responses to climate is not quantiﬁed; we lack the capac-
ity to observe millions of lakes, and modeling approaches have not
ﬁlled these information gaps.
Because temperature is a master factor for many aquatic
ecosystem processes (Cardoso et al., 2014; Hanson et al., 2011;
Magnuson et al., 1979; Paerl and Huisman, 2008), understand-
ing thermal responses to climate is critical for predicting future
biotic change (Sharma et al., 2007). Lake temperatures, strati-
ﬁcation, and ice-cover durations are changing for many of the
world’s lakes (Livingstone, 2003; Magnuson et al., 2000; Schindler
et al., 1990; Schneider and Hook, 2010), and these changes
impact the timing and function of lake ecosystem processes
(O’Reilly et al., 2003; Smol et al., 2005; Weyhenmeyer et al.,
1999).
se (http://creativecommons.org/licenses/by/3.0/).
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Recent advances in observational capabilities have allowed lim-
ologists to address research questions at larger spatial scales
Heffernan et al., 2014; Soranno et al., 2010). Federal and
tate sensor networks, citizen science monitoring programs, and
atellite/airborne observations have expanded considerably, con-
ributing “Big Data” to aquatic ecology (Hampton et al., 2013; Keller
t al., 2008). Satellite observations have documented lake warming
Schneider and Hook, 2010) and estimated water quality (Torbick
t al., 2013). Gridded time-series data capture retrospective mete-
rological drivers (Mesinger et al., 2006; Mitchell et al., 2004) or
redictions for future climate (Hostetler et al., 2011; Wilby et al.,
000) for large numbers of lakes. There are tremendous oppor-
unities to leverage these environmental Big Data for a better
nderstanding of the local context of lakes (e.g., Soranno et al.,
010), and broad-scale hydroclimatic interactions (e.g., Kucharik
t al., 2000; Leonard and Duffy, 2013). Coupling mechanistic model-
ng with big data may  provide means to assess among-lake diversity
f lake responses to climate.
At present, two dominant process-based approaches exist for
valuating lake temperature responses at temporal scales appro-
riate for climate: simulations of generic lakes at broad spatial
xtents (Fang and Stefan, 2009; e.g., Hostetler and Small, 1999;
tefan et al., 2001), and detailed modeling of small numbers of real
akes (Cahill et al., 2005; Fang et al., 2012; Hadley et al., 2013). In
rder to quantify climatically driven regional dynamics and among-
ake variability for large numbers of real lakes, a new approach that
everages the advantages of both simulation types is necessary.
Here, we examine the diversity of lake responses to climate
y introducing a new methodology that uses freely available,
arge-scale datasets to run unique hydrodynamic simulations for
housands of lakes. Methods and tools were created explicitly to
upport future analyses of lakes and their design was informed by
he research needs of the limnological community. In order to max-
mize community use and acceptance, all data, methods, and tools
re freely accessible and openly shared. This study leveraged these
lements to simulate an unprecedented 2368 lakes for 33 years and
ontrast individual and population-level lake responses to climate
ariability.
. Materials and methods
.1. Hydrodynamic model
Because our primary objective was to estimate temporal
ynamics in water temperature proﬁles, a one-dimensional (1D)
ynamical model was used to simulate each of the study lakes. The
eneral Lake Model version 1.2.0 (GLM; Hipsey et al., 2013) was
hosen for this study. GLM combines ﬂuxes of mass and energy
ith a Lagrangian layer structure that adapts to changes in vertical
radients, and is freely available to all users. Many energy budget
lgorithms and mixing schemes in GLM are modern implementa-
ions of methods applied in other widely used 1D models (Hamilton
nd Schladow, 1997; Mooij et al., 2010).
Heat ﬂux is the primary driver of lake temperature (Wetzel
nd Likens, 2000), and components of this ﬂux were formatted as
ime-series input to GLM for the variables of wind speed, air tem-
erature, relative humidity, precipitation, and downwelling long-
nd shortwave radiation (Fig. 1). At each time step, GLM accounts
or energy ﬂuxes into (e.g., downwelling radiation) and out of (e.g.,
vaporation) the lake, and propagates the resultant temperature
hanges to various layers according to heat transfer and vertical
ixing algorithms. Detailed formulations of these numerical rout-
nes can be found in Hamilton and Schladow (1997) or Hipsey et al.
2013), which also includes a full parameter list for GLM with rec-
mmended default values that are based on ﬁeld and laboratoryFig. 1. A schematic of drivers and controls on lake temperature and stratiﬁcation
for a one-dimensional hydrodynamic model.
studies. Simulations did not include the inﬂuence of surface or
groundwater ﬂows, as coupling with hydrologic model output was
beyond the scope of this study, but the impact of this omission on
water temperature simulations was  evaluated.
2.2. Model parameterization
Lake-speciﬁc data were used for static model inputs of hypsog-
raphy, water clarity, and local wind sheltering (see below for details
on how these were calculated or measured). The effects of these
parameters on the hydrodynamic model are as follows: (1) hypsog-
raphy inﬂuences size and depth dependent processes in the model,
including the number of vertical layers used by the model, (2) water
clarity controls the rate at which the visible wavelengths of solar
radiation are attenuated in the water column, and (3) wind shel-
tering reduces the amount of energy from wind that is available
for vertical mixing. Since a generic model parameterization that
could be extended to other regions and lake types was desired, the
remaining physical coefﬁcients for GLM that parameterize equa-
tions of energy and momentum ﬂuxes were set to default values.
The effect of water clarity on water temperature is parameter-
ized in GLM according to the extinction coefﬁcient for shortwave
radiation (named ‘Kw’ in GLM, but we use the more common nota-
tion of ‘Kd’). The Kd parameter characterizes the exponential decay
of light in the water column on a per meter (m−1) basis. The param-
eter is used to deﬁne available light as E(z) = E0 exp(−Kdz), where E0
is the light energy at the surface and E(z) is the remaining energy
at depth z. As light is absorbed in the water column, it is converted
into thermal energy and warms  the waters. Thus, the general ther-
mal  effects of a smaller value of Kd (indicative of clearer waters) is
to increase the amount of warming of deeper waters and decrease
the warming of near-surface waters (Read and Rose, 2013).
Special attention was paid to the parameterization of mixing
energy derived from wind speed because canopy and topo-
graphic features near the lake edge have a strong inﬂuence on
physical dynamics in small and medium sized lakes (Markfort
et al., 2010). The parameter in GLM that controls the ﬂux of
wind-driven mixing energy is the bulk aerodynamic momen-
tum transfer coefﬁcient, or CM. The CM parameter for each lake
was scaled according to a cubic relationship with the wind
sheltering coefﬁcient (Ws; Hondzo and Stefan, 1993; Markfort
et al., 2010), calculated as CM = 0.0013 Ws1/3. Local canopy,
topography, and lake size were included in the formulation
of wind-sheltering coefﬁcients for each lake, which were then
converted to CM values (see Van Den Hoek et al., in review).  Con-
trary to many other multi-lake modeling efforts that speciﬁcally
1  Modelling 291 (2014) 142–150
t
c
W
t
a
t
s
e
s
2
t
t
i
b
u
“
W
p
2
t
t
o
t
l
n
m
s
l
w
s
o
l
s
f
d
f
s
w
r
i
d
f
c
a
t
i
e
o
p
c
t
f
t
ie
s 
fo
r 
al
l s
im
u
la
te
d
 
la
ke
s,
 
la
ke
s 
th
at
 
w
er
e 
u
se
d
 
fo
r 
m
od
el
 
va
li
d
at
io
n
, a
n
d
 
a 
si
n
gl
e 
la
ke
 
(B
ig
 
M
u
sk
el
lu
n
ge
) 
u
se
d
 
to
 
co
m
p
ar
e 
w
it
h
 
th
e 
p
op
u
la
ti
on
 
of
 
la
ke
s.
 
K
d
is
 
th
e 
li
gh
t 
at
te
n
u
at
io
n
 
co
ef
ﬁ
ci
en
t 
an
d
 
SD
F 
is
 
th
e 
sh
or
el
in
e
 
fa
ct
or
, a
 
m
ea
su
re
 
of
 
sh
or
el
in
e 
co
m
p
le
xi
ty
. F
or
m
at
 
sh
ow
n
 
fo
r 
m
u
lt
ip
le
 
n
u
m
be
rs
 
is
 
m
ed
ia
n 
(2
5t
h 
qu
an
ti
le
, 7
5t
h 
qu
an
ti
le
) 
or
 
[m
in
im
um
, m
ax
im
um
].
t
n  
(#
) 
A
re
a 
(k
m
2
) 
z m
ax
(m
) 
K
d
(m
−1
) 
h S
(m
) 
SD
F 
(-
) 
El
ev
at
io
n
 
(m
) 
La
ti
tu
d
e 
(◦
N
) 
Lo
n
gi
tu
d
e 
(◦
E)
la
ke
s 
23
68
 
0.
30
8 
(0
.1
19
, 0
.8
05
) 
6.
71
 
(3
.6
6,
 
10
.7
) 
0.
69
9 
(0
.4
98
, 1
.0
7)
 
7.
24
 
(5
.6
2,
 
9.
13
) 
1.
65
 
(1
.3
3,
 
2.
20
) 
[1
77
.2
7,
 
55
8.
01
] 
[4
2.
49
7,
 
46
.8
49
] 
[−
92
.7
70
, −
86
.9
41
]
la
ke
s 
43
4 
0.
95
2 
(0
.4
35
, 2
.1
8)
 
9.
14
 
(6
.1
0,
 
14
.0
) 
0.
78
0 
(0
.5
03
, 1
.1
8)
 
7.
64
 
(6
.1
1,
 
9.
39
) 
1.
89
 
(1
.5
2,
 
2.
58
) 
[1
80
.5
6,
 
53
6.
15
] 
[4
2.
50
7,
 
46
.3
87
] 
[−
92
.7
44
, −
86
.9
86
]
lu
n
ge
 
1 
3.
96
 
21
.3
4 
0.
36
 
9.
4 
2.
39
 
50
0.
88
 
46
.0
17
 
−8
9.
61
544 J.S. Read et al. / Ecological
uned Ws to reduce model error (e.g., Fang et al., 2012), this coefﬁ-
ient was calculated as
s = 2

cos−1
(
25 × hS
√(

A
))
− 50 × hS
A
√

√
A − 625 × h2S × 
where hS is the average elevation difference between the top of
he surrounding canopy and lake surface (m), and A is the surface
rea of the lake (m2). This relationship was formulated according
o equation 8 of Markfort et al. (2010). Lakes with a smaller wind
heltering coefﬁcient have a reduced amount of vertical mixing
nergy available in the water column, and are often more strongly
tratiﬁed.
.3. Ice-cover simulations
Preliminary simulations for these lakes were continuous during
he time period 1979–2011, but substantial bias in ice-cover dura-
ion using GLM’s dynamical ice algorithms was discovered that also
nﬂuenced the timing of springtime lake warming. To remove this
ias, start and stop dates for every year were estimated for each lake
sing the methods of Shuter et al. (2013) for “Freeze-up model” and
Break-up model 1”, which were calibrated to ice-cover data from
isconsin lakes (Benson and Magnuson, 2000). Initial temperature
roﬁles were 4 ◦C for each year.
.4. Data sources
Publicly available datasets were used exclusively to parame-
erize and drive the individual lake models in order to support
he reusability of these methods. Datasets with continental
r global coverage were used whenever possible, including
he North American Land Data Assimilation System (NLDAS-2;
das.gsfc.nasa.gov/nldas), the National Elevation Dataset (NED;
ed.usgs.gov), the ASTER GDEM2 30 m topographic elevation
odel (asterweb.jpl.nasa.gov), and Landsat 30 m imagery (land-
at.usgs.gov) (Fig. 2). These products were used to generate
ake-speciﬁc parameters or time-series for meteorological forcing,
ind sheltering, and lake water clarity (Sup. Table 1).
The lakes chosen for this analysis had at least one ﬁsheries
urvey or stocking recorded event by the Wisconsin Department
f Natural Resources (WI-DNR). Spatial boundaries for the 2368
akes used here were extracted from the Wisconsin hydrolayer, a
tatewide, 1:24,000 surface-water dataset (Sup. Table 1).
Depth and clarity data for the 2368 modeled lakes were available
rom various sources (Sup. Table 1; Table 1). Each study lake had
ata for maximum depth, and historical bathymetric maps exist
or most lakes (dnr.wi.gov/lakes/maps). Hypsography (the relation-
hip between depth and lake area) for 149 randomly chosen lakes
as manually digitized from scans of these historical maps. For the
emaining lakes, hypsography was estimated as a cone parameter-
zed by the lake surface area and maximum depth. The shoreline
evelopment factor (SDF; Kent and Wong, 1982) was  calculated
or each lake as the ratio of the lake perimeter to the perimeter of a
ircle with equal area. The SDF is a metric of shoreline complexity,
nd a high SDF may  be indicative of complex lake morphometry
hat would not be captured in a 1D lake model. Lake water clar-
ty from WI-DNR and lakesat.org provided satellite-derived clarity
stimates of Secchi depth (ZSD; see Torbick et al., 2013 for method-
logy). In situ measured Secchi depths from by WI-DNR monitoring
rograms and satellite ZSD were converted to a light attenuation
oefﬁcient (Kd) using Kd = 1.7/ZSD (Poole and Atkins, 1929). Kd for
he model simulations was used as the average of all observations
or a given lake. When Kd was unavailable (145 of the 2368 lakes),
he median was used (0.7 m−1; Table 1). Ta
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Fig. 2. Continental and global-scale data sources are critical inputs for parameteriz-
ing  and driving thousands of one-dimensional lake models. (a) The NLDAS-2 hourly
gridded data for air temperature on June 1st 1979. (b) Landsat imagery was used to
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astimate water clarity (clarity indices provided by lakesat.org). (c) Topographic ele-
ation data from the ASTER GDEM2 digital elevation model were used to estimate
ind sheltering heights within lake buffers.
In this study, 434 lakes had observational data that could be
sed to validate model performance. Data from citizen monitor-
ng, WI-DNR, and the North Temperate Lakes Long-Term Ecological
esearch program (NTL-LTER; lter.limnology.wisc.edu) were com-
ined into a water temperature validation dataset containing
40,148 unique measurements. These validation lakes were rep-
esentative of the various lake types and geographical regions in
he full population of simulated lakes (Table 1). A single lake, Big
uskellunge Lake (BM), was also examined in detail. BM is a core
tudy lake in the NTL-LTER program, with data collection beginning
n 1981. BM was not chosen to be representative of the remaining
akes, but instead to examine the applicability of extending patterns
n climate responses from frequently monitored “sentinel lakes”
such as BM)  to the more diverse population of lakes.
.5. Web  geo-processing
Gridded datasets for meteorological forcing and static param-
ters were spatially weighted and converted into lake-speciﬁc
LM inputs. Re-projecting, sub-setting, and transforming grid-
ed data according to overlap with irregular geographical features
i.e., lakes) involves challenging algorithm development and data
anagement techniques. This study leveraged web  processing
lgorithms to reduce these burdens. Two representations of lakes
nd their surroundings were used to support two different regions
f interest for data subsampling: the “lake” was the original poly-
on from the WI  hydrolayer, and the “lake-buffer” was a 100 m
ide buffer around the lake. Shapeﬁles representing all lakes
nd lake-buffers were hosted on sciencebase.gov, which has anlling 291 (2014) 142–150 145
automated web feature service (WFS) extension for shapeﬁles. WFS
is a standard for web-enabled exchange of spatial data that supports
ﬁltering of spatial data based on feature attributes.
Following the creation of WFSs for each of the two feature
datasets, a geospatial web processing service was used to calcu-
late lake-speciﬁc data from the gridded meteorology, canopy cover,
and topographic data for each lake. The Geo Data Portal (GDP;
Blodgett, 2011) is designed to automate the processing of gridded
data according to feature geometries that may  differ in spatial res-
olution and/or native spatial reference systems, and all processing
and data exchange are completed via the Web. The GDP extracts
data from input source data and returns a post-processed, ASCII
ﬁle of the results ﬁltered according to the lakes in each WFS. GDP-
outputted results were then used either to parameterize the GLM
model runs or as model driver data.
2.6. Model post-processing
Lake simulations were not calibrated to individual lakes, and
simulation results were validated against observational data where
available. Because observational data were typically available at a
lower frequency than daily modeled temperatures, no phenolog-
ical metrics were used for validation (e.g., the onset of thermal
stratiﬁcation). Four main metrics were used to evaluate simula-
tion quality in terms of goodness of ﬁt (root mean squared error or
R2): Schmidt Stability, epilimnion, hypolimnion, and the full water
temperature proﬁles. Model results were processed and distilled
into time-series ﬁles of water temperatures and physical metrics.
The full water column temperature proﬁles included a direct com-
parison between all measured water temperatures (at all depths)
and their depth-subsampled equivalents from model outputs. Epil-
imnion and hypolimnion temperatures were the volumetrically
averaged temperatures for each of the two  thermal layers, and were
calculated only when the lake was  stratiﬁed. Schmidt Stability was
also calculated according to Read et al. (2011). Additionally, the
model’s representation of stratiﬁcation was evaluated based on the
rate of false absence and false presence compared to observations.
Lakes were considered stratiﬁed when the difference between sur-
face and bottom water temperatures exceeded 1 ◦C (Stefan et al.,
1996; Woolway et al., 2014).
2.7. Sensitivity analysis for selected model parameters
Although a detailed uncertainty analysis for all lake model-
ing inputs was  beyond the scope of this paper, the sensitivity of
hypolimnetic temperatures to key model parameters was  evalu-
ated. Simulated hypolimnion temperatures often have the highest
errors compared to shallower depths (Weinberger and Vetter,
2012), and we  examined the sensitivity of modeled temperatures
to water clarity, lake residence time, and wind sheltering height.
All three of these parameters are known to have an inﬂuence on
hypolimnetic water temperatures (Killworth and Carmack, 1979;
Markfort et al., 2010; Read and Rose, 2013), and were either param-
eterized via remote sensing data or (in the case of residence time)
neglected as model inputs. Using the summer (July–September)
mean bottom water temperatures as a response variable, lake-
speciﬁc parameters were varied within a range of ±50% of their
original values.
In the case of residence time, which was  not used in the original
simulations, an estimate of residence time for each lake (WI-DNR;
M.  Diebel, unpublished) was used to estimate inﬂow and outﬂow
volumes while holding lake volume at steady state. Daily inﬂow
volume, inﬂow temperature, and outﬂow volume (outﬂow tem-
perature is calculated by the model) were added to each lake
model, and modiﬁed by ±50% for the sensitivity analysis. Because
inﬂow temperatures of surface waters and groundwater were
146 J.S. Read et al. / Ecological Modelling 291 (2014) 142–150
Fig. 3. Lake modeling framework includes (1) selecting a lake feature (the surface shape of Big Muskellunge Lake; WI,  USA is shown here in blue for example purposes) and
gridded data, (2) extracting lake-speciﬁc data using the Geo Data Portal, (3) translating time-series and static results from the GDP into model input, (4) driving the lake
simulation model, and (5) processing model results for each simulation. The Big Muskellunge Lake outline is used as an example. (For interpretation of the color information
in  this ﬁgure legend, the reader is referred to the web  version of the article.)
F ut and ﬁeld temperature observations for all depths had a RMSE of 2.78 ◦C (n = 140,148).
( C for hypolimnion temperatures (n = 7240).
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Table 2
Pearson product–moment correlations between lake-speciﬁc root mean squared
error and parameters.
Parameter Correlation
zmax 0.192*
Area 0.027
hS 0.029
Kd −0.130*
Elevation −0.212*
SDF −0.039
Latitude −0.247*
Longitude 0.148*ig. 4. Temperature validation for 434 lakes. (a) A comparison between model outp
b)  Epilimnion comparisons had a RMSE of 1.74 ◦C (n = 7240), and (c) RMSE of 3.33 ◦
nknown for the majority of these lakes, two scenarios were used
o provide reasonable limits for these thermal inputs: (1) daily
ir temperatures were used as inﬂow temperatures, and (2) the
easonally-averaged air temperature was used as a constant inﬂow
emperature.
.8. Lake modeling framework
A framework was created for this study that automated the
rocesses of data assimilation, data translation, model param-
terization, model execution, and the calculation of derivative
odel results for each lake (Sup. Table 2; Fig. 3). R version 3.0.1
R Development Core Team, 2013) was chosen as the scripting
anguage to support these efforts because it is platform indepen-
ent and open-source, making it particularly conducive to sharing.
ocumented R packages were developed to facilitate each of the
ollowing: automated geo-processing (geoknife), parameterization
nd analysis with the lake model (glmtools), and post-processing
f model results and observational data (rLakeAnalyzer). Each indi-
idual R package includes detailed documentation and help ﬁles,
ut the purpose of each package in the modeling framework is
escribed brieﬂy below.
The geoknife package was created to simplify and automate the
xecution of GDP processing requests. The glmtools package sim-
liﬁes interactions between users and the GLM executable model
y providing methods for parameterizing the model and analyz-
ng results data (including depth-based subsampling of output
les). rLakeAnalyzer calculates derivative physical metrics from
ater column temperature proﬁles and standardizes comparisons
etween model and in situ observational data. rLakeAnalyzer is an
 implementation of Read et al. (2011).
To speed up the iteration time of the modeling framework, mod-ling and processing were parallelized onto a HTCondor computer
luster (Thain et al., 2005). Using a pool of 26 compute nodes, this
rocess reduced the modeling of all 2368 lakes for 33 years from
ultiple days (using a single computer) to a few hours.* p < 0.01.
3. Results
3.1. Lake water temperature validation
The root-mean-square error (RMSE) between the model outputs
and all temperature observations was 2.78 ◦C (Fig. 4a; n = 140,148),
1.74 ◦C for epilimnion temperatures (Fig. 4b; n = 7240), and 3.33 ◦C
for hypolimnion temperatures (Fig. 4c; n = 7240). Model output and
ﬁeld observations agreed on the presence/absence of stratiﬁcation
81.1% of the time (n = 8690). The rate of false positives (type I errors)
was 12.9% (n = 214) and 20% for false negatives (type II errors;
n = 1811). Twenty nine of the 434 validation lakes were responsi-
ble for over 50% of these mischaracterizations (type I and II errors).
Comparisons for modeled versus observed Schmidt Stability had
an R2 of 0.93 (n = 10,715; data not shown).
The median RMSE on the full temperature data for individual
lakes was  2.44 ◦C. Lake-speciﬁc RMSE was  signiﬁcantly correlated
(p < 0.01) to several morphological and geographical parameters,
including lake depth, elevation, latitude, and longitude, and water
clarity (Table 2). Lake area, surrounding canopy height, and the
shoreline development factor were not signiﬁcantly correlated
with lake errors (Table 2).
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Fig. 6. Lake population dynamics for physical metrics during 2 contrasting years.
Statewide averaged air temperatures for the warmest (a; 1998) and coldest (b; 1996)
years during the simulation period (1979–2011). (c) and (d): Percentage of the 2368
simulated lakes that were stratiﬁed during a given day of year in 1998 and 1996,
respectively. Extents for the gray bands for (c) and (d) represent the two  extreme
cases for stratiﬁcation detection errors: only type II errors occurred, and only type
I  errors occurred. (e) and (f): percentage of lakes that exceeded the 8.9 ◦C walleye
spawning threshold for a given day of year in 1998 and 1996. Gray and dark gray
bands in (e) and (f) represent ranges in the threshold exceedance after randomlyig. 5. Sensitivity of bottom water temperatures to changes in three model paramet
black  line) and <100 ha (gray line), resulting from shifts in (a) the water clarity pa
ir  temperatures, and solid line is constant inﬂow temperatures equal to yearly ave
.2. Deep water temperature sensitivity to model parameters
Hypolimnetic temperatures had the highest errors among the
etrics that were evaluated (see Fig. 4c), and the sensitivity of these
eep water temperatures to model inputs for water clarity, lake res-
dence time, and wind sheltering height were evaluated. Deeper
ater temperatures were more sensitive to changes in water clar-
ty when compared to residence time and wind sheltering height
Fig. 5). Larger lakes were more sensitive to changes in all three
arameters (Fig. 5; black line), but lake surface area was signiﬁ-
antly positively correlated with maximum depth (p < 0.01), which
nﬂuences the model’s layer structure and mixing algorithms.
. Discussion
.1. Simulation quality
The model performed well across a diverse population of lakes
uring the 33 year simulation period (Fig. 4). Default values were
sed for most model parameters; with lake-speciﬁc values for
he light attenuation coefﬁcient, bulk momentum drag coefﬁcient,
ypsography, and meteorological drivers. Despite the use of an
utomated model setup that assimilated broad-scale data and var-
ous remotely sensed parameters, the 2.44 ◦C median RMSE for
ndividual lakes is encouraging. This median lake RSME was only
1 ◦C higher than a recent multi-lake modeling study where the
nvestigators used local metrological observations and calibrated
imulations individually for each of 28 lakes (median RMSE 1.47 ◦C;
ang et al., 2012).
Greater RMSEs for lakes with clearer waters were evaluated
see Section 3.2), highlighting the need for high quality data to
uantify the Kd parameter. Errors in the value of this parame-
er from satellite-derived clarity measurements and the omission
f important inter- and intra-annual variability in water clarity
oth likely contribute to substantial temperature errors in deeper
aters. The relationship between lake errors with latitude and
ongitude (elevation was signiﬁcantly positively correlated with
atitude; p < 0.01) could be the result of a spatial bias in the input
ata, or simply an expression of the spatially heterogeneous distri-
ution of Wisconsin lakes.
.2. Model application: lake responses to climate variability
Water temperatures and the timing of stratiﬁcation were highly
ariable among years over the 33-year simulation period. A com-
arison between model outputs from the warmest and coldest
limate years based on seasonally averaged statewide air temper-
tures (Fig. 6a and b; 1998 and 1996 respectively; Wisconsin Stateapplying errors from Fig. 4b for the 95th and 50th percentiles, respectively.
climate ofﬁce) revealed complexities in lake–climate interactions.
For example, the date when at least half of the simulation lakes were
stably stratiﬁed (a minimum of 7 days of sustained stratiﬁcation)
was 27 days earlier in 1998 than in 1996; but the maximum num-
ber of lakes stratiﬁed on any 1 day was  greater for 1996 compared
to 1998 (82.5% versus 71.4%; Fig. 6c and d).
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Fig. 8. Comparisons between temporal patterns for a single lake (Big Muskellunge
Lake, WI  USA; BM)  and the lake population for two  physical metrics derived from
model output. (a) Average July surface water temperatures for BM (black line), the
median of all lakes (dashed dark gray line; n = 2368), and the interquartile range
(gray band). (b) Coherence between BM and all other lakes for July surface water
temperatures. Dashed-dot line represents the critical value of  for signiﬁcance in
a  one-tailed test (p = 0.01). (c) Day of year for the onset of stratiﬁcation for BM
dicted observed surface layer temperatures (RMSE: 1.74 C) andor  each simulated lake (n = 2368). (b) Same as (a) but for the predicted day of year
or  the onset of stratiﬁcation (only for lakes that stratiﬁed; n = 1213).
Multi-lake hydrodynamic model output can be used to predict
cosystem-level resilience to climate change, but applications with
hese data can also focus on responses at the species-level. An
xample is the examination of the different dates at which lakes
xceeded 8.9 ◦C during these 2 contrasting years. 8.9 ◦C is an impor-
ant temperature threshold for Wisconsin lakes, as it is cited as
he temperature at which walleye, Sander vitreus,  begin spawning
Wismer and Christie, 1987). The day of year when all 2368 simu-
ated lakes were projected to pass this threshold was 19 days later
n 1996 than in 1998 (Fig. 6e and f). Lake modeling outputs – similar
o what we have highlighted here – can help ﬁll observational gaps
or physical conditions that may  impact the health and function of
ake ecosystems.
Individual lakes exhibited different degrees of variability in
hysical responses to regional climate, and the magnitude of these
mong-lake differences was  dependent on the temperature metric
sed. Lake-speciﬁc variability was quantiﬁed by the inter-annual
oefﬁcient of variation (CV) for two climatically-relevant physi-
al metrics during 1979–2011: summertime surface temperatures,
hich are an indicator of lake warming (Schneider and Hook, 2010;
harma et al., 2007), and the timing of the onset of stratiﬁcation,
hich is important for numerous ecosystem processes and hypoth-
sized to be a sensitive indicator of climate change (Adrian et al.,
009; Winder and Schindler, 2004). The CVs for average July sur-
ace temperatures were similar for most lakes with little spread
Fig. 7a), suggesting that lake-speciﬁc properties have relatively
ittle inﬂuence on how lakes respond to climate for this met-
ic. Comparatively, the CVs of the timing of stratiﬁcation differed
reatly among lakes (Fig. 7b). These results suggest that climate
ariability may  be differentially mediated for certain lake types,
nd that determining whether lakes in a region respond coherently
r individually depends on the choice of physical metric.
.3. Model application: among-lake coherence
These results may  help investigators reﬁne expectations for
akes in the future, but the modeling approach shown here also
rovides an ability to contrast the behavior of individual lakes with
egional lake responses. An analysis of coherence was used to deter-
ine whether the variability shown in Fig. 7 is structured similarly
mong lakes or is an individualized expression of climate variabil-
ty. We  followed the methodology of Benson et al. (2000) for the
alculation of among-lake coherence, which evaluated coherence
nd signiﬁcance between lakes according to a pairwise Pearson
roduct–moment correlation for the 33 years of simulation data.
ig Muskellunge (BM) was chosen to provide a comparison with
he other lake responses to climate because of the accuracy of
M model outputs (RMSE = 1.23 ◦C) and the many long-term lake(black line), the median onset date for all lakes that stratiﬁed (dashed dark gray
line;  n = 1213), and the interquartile range of stratiﬁed lakes. (d) Same as (b) but for
the onset of stratiﬁcation.
studies that include this frequently monitored lake (Benson et al.,
2000; Kratz et al., 1998).
Big Muskellunge Lake surface temperatures were highly coher-
ent with the rest of the simulated lakes, and its position among
the population of lakes was relatively constant (Fig. 8a and b).
In contrast, patterns in stratiﬁcation were far less synchronous
(Fig. 8c and d). These results support earlier work demonstrat-
ing greater agreement between temporal patterns for lake surface
temperatures than for stratiﬁcation metrics and the temperatures
of deeper waters (Benson et al., 2000; Kratz et al., 1998; Palmer
et al., 2014). Stratiﬁcation patterns in Big Muskellunge and other
frequently monitored lakes may  not be representative of stratiﬁca-
tion dynamics for unobserved lakes that are exposed to the same
regional climate.
Synchrony in lake surface temperatures and empirical stud-
ies that leverage these patterns may  have provided limnologists
with false conﬁdence in our understanding of lake ecosystems in a
changing climate. More ecologically relevant metrics (e.g., stratiﬁ-
cation and whole-lake temperatures) showed comparatively poor
coherence (Fig. 8b versus d), and can express muddled or even
divergent responses to climate variability (Benson et al., 2000;
Tanentzap et al., 2008). Among-lake heterogeneity is particularly
relevant for understanding how lakes respond to climate change
and the types of lakes that will be most affected by climate change.
Variability among lakes in response to climate change has impor-
tant implications for species persistence and dispersal through the
provision of microrefugia (Diffenbaugh et al., 2005; Keppel and
Wardell-Johnson, 2012; Suggitt et al., 2011), and is deserving of
additional study.
5. Conclusions
The General Lake Model (Hipsey et al., 2013) accurately pre-
◦the presence/absence of stratiﬁcation (81.1% agreement) when
driven and parameterized by large-scale open data. Deeper water
temperature simulations were less accurate (RMSE: 3.33 ◦C for
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ypolimnion temperatures), but there may  be potential for future
mprovement. Our preliminary sensitivity analysis suggests that
mproving lake water clarity estimates may  yield substantial gains
n the quality of deep water simulated temperatures. Additionally,
uture improvements to the ice algorithms used in GLM are recom-
ended to support continuous simulations for ice-covered lakes.
fforts were made to use the best possible data to parameterize
nd drive these lake models, but the quality of data varied among
akes and likely contributed to discrepancies in model accuracy.
espite these limitations, both the quality of models and publically
vailable input data are expected to improve in the future.
Recent warming trends in surface temperatures are cause for
larm for many biota or ecosystem processes (Paerl and Huisman,
008; Schneider and Hook, 2010; Sharma et al., 2007), but investi-
ators should take caution in extending near-surface temperature
atterns into predictions for climate responses of lake hypolimnion
emperatures, stratiﬁcation strength and timing, and whole lake
emperatures. Our ﬁndings highlighted a contrast between strongly
oherent surface temperatures and weakly coherent stratiﬁcation
atterns, suggesting that uniﬁed responses of lakes to regional cli-
ate may  be unlikely for some ecologically relevant metrics. A
echanistic modeling approach, similar to what we have shown
ere (additionally, see Fang et al., 2012; Hadley et al., 2013;
einberger and Vetter, 2012), can be used to reﬁne our expec-
ations for lake ecosystems in a changing climate.
Modeled lake temperature outputs generated at broad spatial
cales for a large number of lakes could be useful for a wide range
f practical applications. For example, hind-casted lake temper-
tures can be used to understand mechanisms behind observed
hanges in ﬁsh communities in these Wisconsin lakes, in addition
o being used to explain variability in empirical data across the
ational landscape. Modeling individual lakes within the regional
ontext allows investigators to capture spatial and temporal het-
rogeneity in individual lake responses. This variability is likely
ritical to understanding ecosystem responses to climate change
hat would be masked if “average” values that ignore spatial het-
rogeneity were used (Ackerly et al., 2010; Luoto and Heikkinen,
008).
Similar to alternative 1D models, the utility of the hydrodynamic
ake model used here can be extended by coupling additional mod-
ling elements or input data sources. While beyond the scope of
his study, combining these simulations with water quality mod-
ls (Hamilton and Schladow, 1997) or terrestrial models that can
ynamically model watershed processes (Kucharik et al., 2000)
ay  improve our understanding of lake ecosystem function. Like-
ise, including measurements of stream ﬂow (waterdata.usgs.gov)
r hydrological modeling input/output could improve simulation
uality for lakes with shorter residence times and poten-
ially lead to improvements in stream temperature modeling
fforts.
This modeling effort was developed with a foundation of inter-
ationally recognized standards for web processing and data
ransfer, providing a basic methodology that can easily be trans-
erred to a range of different ecological research questions. Whether
nvestigators could beneﬁt from the exploration of thermal habitat
hange in the millions of lakes in the UGSG’s national hydrography
ataset (nhd.usgs.gov) or translate these methods into site-based
errestrial studies, the framework described here could be applied
cross a wide spectrum of modeling efforts. Additionally, statis-
ically or dynamically downscaled climate projections could be
asily exchanged for the NLDAS-2 forcing data and used to predict
uture scenarios for these ecosystems. These multi-system simu-
ations represent a signiﬁcant technical advance in limnology and
cological modeling. This framework will provide a useful tool in
he interpretation of individual and population-level responses of
cosystems to climate.lling 291 (2014) 142–150 149
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